Statistical habitat models, such as generalized additive models (GAMs), are key tools for assisting ecosystembased fisheries management (EBFM) efforts. Predictions from GAMs can be used, for example, to produce preference functions for the ecosystem-modeling platform Ecospace; preference functions permit a flexible representation of spatial distribution patterns in Ecospace by defining the preferences of marine organisms for certain environmental parameter values. Generalized additive model predictions can also be used to map species distributions for assisting marine protected area (MPA) planning. In this study, we applied a recently proposed methodology to produce preference functions for the fish and invertebrates represented in an Ecospace model of the West Florida Shelf (WFS) and to map the hotspots of juveniles and adults of three economically important species for informing future MPA planning in the WFS region. This proposed methodology consists of (1) compiling a comprehensive survey database blending all of the encounter and nonencounter data of the study ecosystem collected by the fisheries-independent and fisheries-dependent surveys that employ random sampling schemes, (2) developing a large environmental database to store all of the environmental parameters influencing the spatial distribution patterns of the marine organisms of the study ecosystem, (3) using the comprehensive survey database and the large environmental database to fit binomial GAMs that integrate the confounding effects of survey and year, and (4) making predictions with fitted GAMs to Subject editor: Donald Noakes,
Ecosystem-based fisheries management (EBFM) is increasingly being considered and used around the world, including in the U.S. Gulf of Mexico (Keith et al. 2013; Karnauskas et al. 2013a; Samhouri et al. 2014; Gr€ uss et al. 2017a) . Ecosystem-based fisheries management takes into account environmental influences on species dynamics and trophic interactions to formulate fisheries management strategies (Link 2010; Patrick and Link 2015) . Ecosystem-based fisheries management efforts in the Gulf of Mexico include the integration of ecosystem considerations into single-species stock assessments (e.g., SEDAR 2014b (e.g., SEDAR , 2015 , simulations with ecosystem modeling platforms such as Ecopath with Ecosim (EwE) to inform fisheries management about the potential ecosystem impacts of fisheries policies (e.g., Chagaris et al. 2015b Chagaris et al. , 2017 , measures to mitigate bycatch (Raborn et al. 2012) , and efforts to mitigate the lionfish Pterois spp. invasion (McCreedy et al. 2012) . Moreover, the Gulf of Mexico Fishery Management Council regularly requests investigations of the potential conservation and fisheries effects of marine protected areas (MPAs) for economically important species of the Gulf of Mexico, including Red Snapper Lutjanus campechanus, Gag Mycteroperca microlepis, and Red Grouper Epinephelus morio (O 'Farrell et al. 2017) .
Statistical habitat models, such as generalized linear models (GLMs; McCullough and Nelder 1989; Dobson and Barnett 2011) and generalized additive models (GAMs; Hastie and Tibshirani 1990; Wood 2006) , are key tools for assisting EBFM efforts. In particular, statistical habitat models are often utilized to generate inputs for spatially explicit ecosystem models such as Atlantis (Fulton et al. , 2011 , OSMOSE (Shin and Cury 2001; Gr€ uss et al. 2016b) , and Ecospace (Pauly et al. 2000; Christensen and Walters 2004) . To allocate the biomasses of marine organisms over space, the Atlantis and OSMOSE modeling platforms need distribution maps that can, for example, be constructed from the predictions of GAMs fitted to research survey data (Drexler and Ainsworth 2013; Gr€ uss et al. 2014) . Ecospace, the spatial component of the EwE modeling platform, represents the spatial distribution patterns of marine organisms using a "habitat capacity model," which permits a flexible representation of the spatial distribution patterns of marine organisms by defining their preferences for certain environmental parameter values (Christensen et al. 2014 ). In the habitat capacity model, one can assign each biomass pool (functional group, species, or stanza) a preference function, ranging between 0 and 1 over the range of values in the environmental map layers (e.g., bottom depth, bottom temperature, and bottom salinity). These preference functions are combined to estimate the foraging capacity for each map cell (Figure 1 ). Habitat capacity values determine the relative foraging arena size (or "carrying capacity") in each map cell for each functional group, species, or stanza, and movement towards areas with higher foraging capacity is favored (Gr€ uss et al. 2016a) . To parameterize Ecospace's habitat capacity model, one can, for example, fit GAMs integrating environmental covariates to research survey data and then employ GAM fits to produce preference functions (Chagaris 2013) .
Statistical habitat models can also be useful to assist MPA planning (Gr€ uss 2014; Le Pape et al. 2014) . One popular use of statistical habitat models is the production of species distribution maps for applications of conservation planning software packages such as Marxan and Marxan with zones (Watts et al. 2009; Metcalfe et al. 2015) and Zonation (Leathwick et al. 2008; Delavenne et al. 2012) , which seek to find MPA configurations that yield large conservation benefits without significantly affecting fisheries profitability. The predictions of statistical habitat models can also be employed to predict hotspots of juveniles and adults of economically important species, and this information can be used in spatially explicit simulation models to investigate the potential effectiveness of MPAs protecting preferentially juveniles or adults (Gr€ uss 2014) . Gr€ uss et al. (2016a) proposed a statistical habitat modeling framework for assisting EBFM efforts in large regions characterized by a high biodiversity like the U.S. Gulf of Mexico, where the spatial distribution patterns of a large number of marine organisms cannot be reliably predicted by fitting statistical habitat models to only one survey data set. The framework established by Gr€ uss et al. (2016a) consists of (1) compiling a comprehensive survey database blending all of the encounter and nonencounter data of the ecosystem of interest collected by the fisheriesindependent surveys and fisheries-dependent programs that employ random sampling schemes (i.e., that do not use fixed-station designs or do not compile fisheries catch time ASSISTING ECOSYSTEM-BASED FISHERIES MANAGEMENT EFFORTS series for specific areas of the ecosystem of interest), (2) developing a large environmental database to store all of the long-term environmental parameters influencing the spatial distribution patterns of the marine organisms of the ecosystem of interest, (3) using the comprehensive survey database and the large environmental database to fit binomial GAMs that integrate the confounding effects of gear (where each gear type specifies a survey data set) and year, and (4) employing the binomial GAM fits to define preference functions and generate distribution maps for marine organisms.
In the present study, we applied the proposed framework of Gr€ uss et al. (2016a) to the West Florida Shelf (WFS) region ( Figure 2 ) to (1) produce preference functions for parameterizing the habitat capacity model of the Ecospace model of the WFS called "WFS Reef fish Ecospace" (Chagaris 2013 ) and (2) construct maps showing the hotpots of juveniles and adults of Red Snapper, Gag, and Red Grouper, to provide information for future MPA planning in the WFS region. In this article, we first briefly present the WFS region, the WFS Reef fish Ecospace ecosystem model, and the fish and invertebrate species and stanzas considered in the present study. Then, we provide an overview of the different steps we followed. Next, we describe how we compiled a comprehensive survey database and a large environmental database for the Gulf of Mexico. Afterwards, we used the comprehensive survey database and the large environmental database for the Gulf of Mexico to develop binomial GAMs integrating the confounding effects of gear and year. Finally, after having evaluated our binomial GAMs using an iterative, cross-validation procedure, we employed fitted GAMs to define preference functions for fish and invertebrates for WFS Reef fish Ecospace's habitat capacity model and to map the hotpots of juvenile and adult Red Snapper, Gag, and Red Grouper in the WFS region.
METHODS
Study areas.-The Gulf of Mexico is one of the world's 64 large marine ecosystems (NOS 2008) . It is bordered by the United States, Cuba, and Mexico. The U.S. Gulf of Mexico is bounded on the west by the state of Texas, on the north by the states of Louisiana, Alabama, and Mississippi, and on the east by the WFS (Figure 2A ). The WFS is a region of the U.S. Gulf of Mexico under high environmental, fishing, and other human pressures (Coleman et al. 2004; Okey et al. 2004; Steidinger 2009; Karnauskas et al. 2013a ), which we define here as the entire west Florida region excluding the Florida Keys (Okey and Mahmoudi 2002; Chagaris 2013) . We produced all preference functions and distribution maps for the present study for a spatial grid covering the entire WFS region with a resolution of 0.18°( Figure 2B ); this spatial grid is the spatial domain of the WFS Reef fish Ecospace ecosystem model, which is described below.
The WFS Reef fish Ecospace model.-The WFS Reef fish Ecospace is an Ecospace model of the WFS with a spatial resolution of 0.18° (Figure 2A) . The model is focused on regulated species of the WFS ecosystem, including Red Snapper, Red Grouper, Gag, and other reef fish species (Chagaris 2013; Chagaris et al. 2015b Chagaris et al. , 2017 . It represents 71 biomass pools: one dolphin group, one seabird group, 44 fish groups (including 11 nonadult stanzas; e.g., younger juvenile Red Grouper), 18 invertebrate groups (including three zooplankton groups), one phytoplankton group, three marine plants, and three detritus groups (see Supplement A in the supplemental material provided in the online version FIGURE 1. Schematic diagram of habitat capacity calculations in the Ecospace modeling platform. During the model run, spatial estimates of environmental variables (e.g., bottom depth, bottom temperature, bottom salinity) are read from data layers for each monthly time step, and the habitat capacity in each cell of the Ecospace model is calculated as the product of preferences for the environmental parameter values. Figure inspired by Christensen et al. (2014) and Gr€ uss et al. (2016a). of this article). The WFS Reef fish Ecospace was developed with the aim to assess the tradeoffs between fish biomasses and fisheries catches associated with MPAs in the WFS region (Chagaris 2013) .
Study fish and invertebrates.-In the present study, we focused on (1) the 51 fish and nonplanktonic, mobile invertebrate functional groups, species, and stanzas represented in the WFS Reef fish Ecospace ecosystem model (Table 1) and (2) the juveniles (<34.6 cm TL) and adults (≥34.6 cm TL) of Red Snapper, the juveniles (<46.8 cm TL) and adults (≥46.8 cm TL) of Gag, and the juveniles (<34.1 cm TL) and adults (≥34.1 cm TL) of Red Grouper.
Red Snapper, Gag, and Red Grouper are some of the most economically important species of the WFS ecosystem (NOAA Fisheries 2016). The three species undertake ontogenetic migrations, i.e., move offshore and into deeper waters as they grow older (Mullaney 1994; Gallaway et al. 2009; Saul et al. 2012; Carruthers et al. 2015) . Thus, juvenile Red Snapper, Gag, and Red Grouper and their adult conspecifics occupy relatively distinct habitats all over the WFS (Gallaway et al. 2009; Coleman et al. , 2011 . Given the spatial footprint of the Red Snapper, Gag, and Red Grouper populations of the U.S. Gulf of Mexico, it is relevant to evaluate the potential impacts of protecting preferentially the juveniles or the adults of Red Snapper, Gag, and Red Grouper. Note that juveniles of Red Snapper, and adults of Red Snapper, Gag, and Red Grouper are represented in the WFS Reef fish Ecospace model; on the other hand, WFS Reef fish Ecospace distinguishes between younger juveniles (ages 0-1 years) and older juveniles (ages 1-3 years) of Gag and Red Grouper, which are subjected to different predation and fishing pressures in the WFS region (Chagaris 2013; Chagaris et al. 2015b) .
Overview of the steps followed in the present study.-To produce preference functions and hotspot maps for the functional groups, species, and stanzas considered in this study, we proceeded in seven steps (Figure 3 ). First, we compiled a comprehensive survey database and a large environmental database for the Gulf of Mexico. Second, we extracted encounter-nonencounter estimates from the comprehensive survey database and environmental parameter estimates from the large environmental database. Third, we evaluated the degree of collinearity between extracted environmental parameters and between environmental predictors and longitude and latitude, both expressed in Universal Transverse Mercator (UTM) coordinates (i.e., eastings and northings), leading to the selection of some environmental parameters. Fourth, we fitted a binomial GAM to encounter-nonencounter estimates and selected environmental parameters. Fifth, we evaluated the fitted GAM via an iterative, cross-validation procedure. After the fitted GAM was validated, we made predictions with the model to then produce preference functions and/or a distribution map. Finally, if a hotspot map was needed for the functional group, species, or stanza under consideration, we employed its distribution map and a simple algorithm to generate the hotspot map.
Construction of a comprehensive survey database for the Gulf of Mexico.-We contacted the state and federal agencies, universities, and nongovernmental organizations that have used random sampling schemes to conduct fisheries-independent surveys or sample fisheries operations in the Gulf of Mexico. These institutions provided us with a total of 29 fisheries-independent and eight fisheries-dependent data sets for the period of 2000-2016 (Table 2 ; see Supplement B).
We extracted the following information from each of the 37 data sets that were shared with us: (1) the latitudes and longitudes at which fisheries-independent surveys took place or fisheries operations were sampled; (2) the years and months during which fisheries-independent surveys took place or fisheries operations were sampled; and (3) whether the functional groups, species, and stanzas considered in this study were encountered or not by fisheriesindependent surveys or fisheries operations (0's and 1's). Encounters and nonencounters for the stanzas were obtained using the body length estimates collected during fisheries-independent surveys or fisheries operations and the body length benchmarks considered in WFS Reef fish Ecospace (which come from FishBase and SeaLifeBase; Froese and Pauly 2015; Palomares and Pauly 2015) . We also appraised the quality of the 37 data sets (e.g., Does the fisheries-independent survey or fisheries-dependent program have a high or a low spatiotemporal resolution?) in order to identify the data sets that should not be employed to fit binomial GAMs for the data-rich functional groups, species, and stanzas considered in this study (Table 2) .
For each of the functional groups, species, and stanzas, we considered the data of the comprehensive survey database that were collected in the WFS region ( Figure 2B ). From this subset of the comprehensive survey database, we determined which fisheries-independent and fisheriesdependent data sets should be used to fit a binomial GAM by applying the following rules: (1) data sets with fewer than 50 encounters should be excluded (Leathwick et al. 2006; Austin 2007; Gr€ uss et al. 2017b) ; (2) years with fewer than five encounters should be excluded (Gr€ uss et al. 2017b) ; and (3) a data set that was appraised to be of low quality should be excluded in data-rich situations (i.e., in situations where numerous data sets can be used for statistical modeling). For those functional groups, species, and stanzas for which we did not have enough encounter data for the WFS region, we applied the three above-mentioned rules to the entire comprehensive survey database, i.e., to fisheries-independent and fisheriesdependent data for the entire U.S. Gulf of Mexico.
Construction of a large environmental database.-We conducted a literature review to determine the environmental parameters that influence the spatial distribution patterns of the fish and invertebrate functional groups, species, and stanzas considered in this study (see Supplement C). In the case of functional groups, we identified a reference species and conducted the literature review for that reference species (Table 1) . From our literature review, we established that a total of 20 environmental parameters should be incorporated into the large environmental database (Table 3 ). Some of these environmental variables are constant over time (e.g., bottom depth, local percentage of sand), while others needed to be defined for each month of the year through the construction of "climatologies" that depict average monthly conditions for the period 2000-2016 (e.g., bottom temperature, surface salinity) (see Supplement D) .
From the large environmental database, we created a gridded map of long-term environmental parameters covering the entire U.S. Gulf of Mexico with a spatial resolution of 0.18°(i.e., the spatial resolution of our study spatial domain; Figure 2A ). To fit binomial GAMs, the gridded map of long-term environmental parameters was overlaid with the start points of observations from the comprehensive survey database. Moreover, to be able to map the spatial distributions and hotspots of juvenile and adult Red Snapper, Gag, and Red Grouper using fitted binomial GAMs, we overlaid the spatial grid for the WFS ( Figure 2B ) with the gridded map of long-term environmental parameters.
Collinearity analysis.-Before fitting a binomial GAM, for each of the functional groups, species, and stanzas considered in this study (i.e., the 51 functional groups, species, and stanzas listed in Table 1 plus juvenile Gag and juvenile Red Grouper), we evaluated the degree of collinearity between all environmental predictors (i.e., bottom depth and bottom temperature, and bottom salinity in the case of large crabs; see Supplement C) and between environmental predictors and eastings and northings. This preliminary analysis was necessary because regression methods may be sensitive to correlated variables (Guisan et al. 2002; Dormann et al. 2013) . We estimated Pearson's correlation coefficients between environmental predictors and between environmental predictors and eastings and northings (Booth et al. 1994; Brotons et al. 2004; Dormann et al. 2013) . Following the recommendations of Leathwick et al. (2006) and Dormann et al. (2013) , for each functional group, species, and stanza we discarded those environmental predictors for which we found pairwise correlations exceeding 0.7 in absolute value.
Generalized additive model fitting.-For each of the 53 functional groups, species, and stanzas considered in this ASSISTING ECOSYSTEM-BASED FISHERIES MANAGEMENT EFFORTS FIGURE 3. Schematic of the different steps followed to produce preference functions and a hotspot map for a given functional group, species, or stanza using generalized additive models (GAMs). (1) Compilation of a comprehensive survey database and of a large environmental database for the U.S. Gulf of Mexico. (2) Extraction of encounter-nonencounter estimates from the comprehensive survey database and of environmental parameter estimates from the large environmental database. (3) Evaluation of the degree of collinearity between extracted environmental parameters and between environmental parameters and eastings and northings, leading to the selection of some environmental parameters. (4) Fitting of a GAM to encounternonencounter estimates and selected environmental parameters. (5) Evaluation of the fitted GAM using an iterative cross-validation procedure. (6) Production of preference functions (reflecting the preferences of the functional group, species, or stanza for certain environmental parameter values) and a distribution map from GAM predictions. (7) Production of a hotspot map from the distribution map. study, a binomial GAM was fitted using appropriate data sets from the comprehensive survey database and the "mgcv" package in the R environment (Wood and Augustin 2002; Wood 2006 ) following the equation,
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where η is the probability of encounter; g is the logit-link function between η and each additive predictor; te(X, Y) is a tensor product smooth-fitted to eastings and northings; s is a thin plate regression spline fitted to a given environmental predictor; and x 1 , x 2 , …, x n are the environmental predictors selected after the collinearity analysis. Gear (i.e., research survey) and year are "nuisance" variables treated as fixed-effect factors (Farmer and Karnauskas 2013; Gr€ uss et al. 2016a ). We used thin-plate regression splines with shrinkage (bs = "ts" in the specification of the smooth function in "gam" from the "mgcv" library). We limited each thin- plate regression spline to four degrees of freedom to help preserve the ecological interpretability of the functional relationships estimated by the GAMs (Roberts et al. 2016; Mannocci et al. 2017 ). We employed a shrinkage approach for selecting environmental covariates for the GAMs (Roberts et al. 2016; Mannocci et al. 2017 ). In addition, as the smoothing parameter approached zero, an extra penalty was applied to each environmental covariate, allowing for the complete removal of a predictor from a GAM when the smoothing parameter was equal to zero (Marra and Wood 2011) . After model fitting, if an environmental covariate P-value was greater than 0.05, we removed the covariate from the GAM and refitted it (Koubbi et al. 2006; Gr€ uss et al. 2014 Gr€ uss et al. , 2016c Chagaris et al. 2015a ). We employed the restricted maximum likelihood (REML) optimization method (Wood 2011 ).
The fisheries-independent and fisheries-dependent data considered in the present study, like any ecological data, are likely to be spatially autocorrelated (Legendre 1993; Dormann et al. 2007 ). The interaction between eastings and northings in equation (1), i.e., te(X Y), accounts for spatial autocorrelation (spatial structure) at a broad scale (Wood 2006) . Including the term te(X, Y) in equation (1) is necessary for the statistical interpretation of significance for environmental covariates if residuals have spatial patterns (Wood 2006) . However, even if our GAMs include the term te(X, Y), their residuals may still show spatial structure. To evaluate whether this was the case, we examined empirical variograms of the residuals from the binomial GAMs (see Supplement E). An empirical variogram that is largely flat indicates an absence of spatial structure in the data, whereas an empirical variogram with pattern is indicative of spatial autocorrelation (Cressie 1993) . In ecological data, empirical variograms typically have a roughly logarithmic form, yet the existence of spatial clusters of positive and negative residuals is also indicative of the existence of spatial structure (Cressie 1993; Gr€ uss et al. 2016c ).
Generalized additive model evaluation.-We evaluated the validity of the fitted binomial GAMs by means of an iterative, cross-validation procedure called "Leave Group Out Cross Validation," in which the set of surveys from the comprehensive survey database for the functional group, species, or stanza of interest was randomly split into training and test data sets (Hastie et al. 2001; Kuhn and Johnson 2013; Gr€ uss et al. 2016c ); 60% of the data were used for model training and 40% for model evaluation. Binomial GAMs were fitted to the training data set using the fitting process described above and then evaluated by means of specific performance metrics using the test data set. This procedure was repeated 10 times. Thus, for each individual GAM, 10 models were trained using distinct training data sets, which were then evaluated using distinct test data sets, each corresponding to a specific training data set. Adopting the Leave Group Out Cross Validation procedure allowed us to quantify uncertainty around the performance metrics of GAMs.
The predictive performance of each binomial GAM fitted via the Leave Group Out Cross Validation procedure was evaluated using the following two metrics: (1) the area under the receiver operating characteristic (ROC) curve, or AUC, which represents the ability of the binomial GAM to discriminate between encounters and nonencounters (Hanley and McNeil 1982) ; and (2) the adjusted coefficient of determination (adjusted R 2 ), which measures the proportion of variance of the probability of encounter explained by the GAM (Legendre and Legendre 1998 ). An AUC value of 0.5 is indicative of no improvement in predictability over a random chance, whereas a value of 1 indicates that encounters and nonencounters are perfectly TABLE 3. Environmental variables included in the large environmental database for the Gulf of Mexico (GOM). The data used to generate spatial estimates of environmental variables, as well as the manipulations required on these data to attain a continuous surface with which to fit generalized additive models (GAMs) and make predictions with the fitted GAMs, are described in Supplement D provided in the online version of this article. discriminated (Wintle et al. 2005; Leathwick et al. 2006; Hein€ anen et al. 2008) . Values for AUC greater than 0.9 are preferred as the true positive rate is high relative to the false positive rate, while values between 0.7 and 0.9 indicate reasonable discrimination ability (Swets 1988; Fielding and Bell 1997; Pearce and Ferrier 2000) . All binomial GAMs were tested for discrimination using the R package "pROC" (Robin et al. 2011) .
Environmental variable
For each functional group, species, and stanza, a binomial GAM was considered acceptable if (1) the median AUC value produced through the cross-validation procedure was greater than 0.7 (Hanley and McNeil 1982; Swets 1988; Pearce and Ferrier 2000) , and (2) the median adjusted R 2 produced through the cross-validation procedure was above 0.1 (Legendre and Legendre 1998; Gr€ uss et al. 2016c) .
Production of preference functions for Ecospace's habitat capacity model.-After the GAMs for the 51 functional groups, species, and stanzas represented in WFS Reef fish Ecospace were fitted and validated, we employed their fits to generate preference functions for WFS Reef fish Ecospace's habitat capacity model. For each individual environmental parameter x i , we applied a methodology consisting of making predictions with the fitted GAM over a vector of values ranging between min{x i } and max{x i }, while keeping the other environmental covariates constant at their mean value from the GAM modeled data set (Chagaris 2013) ; min{x i } and max{x i } are, respectively, the minimum and maximum value of environmental parameter x i in the WFS region from the large environmental database (Table 3 ). Since our GAMs integrate eastings and northings and the confounding effects of gear (i.e., research survey) and year, we needed to assign values to these parameters while applying the methodology described above. Following the literature (Punt et al. 2000; Maunder and Punt 2004; Farmer and Karnauskas 2013; Gr€ uss et al. 2016a ), we (1) set eastings and northings to their values at the barycenter of the WFS Reef fish Ecospace model (27.65°N, 83.90°W) and (2) used the average year effect and the gear effect with the highest selectivity to make predictions with fitted GAMs.
In equation (2) represents the probabilities of encounter predicted by the GAM across values of the environmental parameter x i , using the methodology described above. The preference function y i for each environmental parameter x i , where i 2 1, … , n, was determined from y 0 1 ; . . .; y 0 n , as follows:
This definition of preference functions allows for preferences to range between 0 and 1, while accounting for the relative effect of each environmental parameter on the probability of encounter of the marine organism of interest (e.g., accounting for the fact that environmental parameter x 1 has a more pronounced effect on encounter probability than environmental parameter x 2 ). We examined the preference functions we produced in light of our literature review on the environmental preferences of fish and invertebrates (see Supplement C). We noted whether our study and the literature concurred.
Mapping the hotspots of juvenile and adult Red Snapper, Gag, and Red Grouper.-After the GAMs for juvenile and adult Red Snapper, Gag, and Red Grouper were fitted and validated, we employed them to map the hotspots of the six stanzas in the WFS region. First, we predicted the spatial patterns of probability of encounter of juvenile and adult Red Snapper, Gag, and Red Grouper in the WFS region, using fitted GAMs, the spatial grid for the WFS (Figure 2B ), the gridded map of long-term environmental parameters, and the average year effect and the gear (i.e., research survey) effect with the highest selectivity (Punt et al. 2000; Maunder and Punt 2004; Farmer and Karnauskas 2013; Gr€ uss et al. 2016a ). Then, we identified whether each cell i of the spatial grid for the WFS was a hotspot of stanza s (h s,i ), as follows (Brodeur et al. 2008 (Brodeur et al. , 2014 Gr€ uss et al. 2018) :
where prob s,i is the probability of encounter of stanza s in cell i of the spatial grid for the WFS; and prob s is the mean probability of encounter of stanza s over the entire spatial grid for the WFS. To identify hotspots of probability of encounter, we could have estimated an optimal probability threshold from the ROC curve to then convert probabilities of encounter into values of 0 and 1 (Manel et al. 2001; Gr€ uss et al. 2016c ). However, the estimation of optimal probability thresholds necessitates the selection of threshold optimization criteria (Freeman and Moisen 2008; Hattab et al. 2013) . To avoid this subjective selection, we chose the simple algorithm described in equation (3). We calculated a hotspot index for juveniles of snappers and groupers (i.e., juveniles of the group formed by Red Snapper, Gag, and Red Grouper) for each cell i of the spatial grid for the WFS, h JUV,i , as follows:
where h JUV RED SNAPPER;i is the presence-absence of a hotspot of juvenile Red Snapper in cell i, h JUV GAG;i is the presence-absence of a hotspot of juvenile Gag in cell i, and h JUV RED GROUPER;i is the presence-absence of a hotspot of juvenile Red Grouper in cell i. Likewise, we calculated a hotspot index for adults of snappers and groupers ASSISTING ECOSYSTEM-BASED FISHERIES MANAGEMENT EFFORTS for each cell i of the spatial grid for the WFS, h ADULT,i :
where h ADULT RED SNAPPER;i is the presence-absence of a hotspot of adult Red Snapper in cell i, h ADULT GAG;i is the presence-absence of a hotspot of adult Gag in cell i, and h ADULT RED GROUPER;i is the presence-absence of a hotspot of adult Red Grouper in cell i. Influence of the gear factor on predicted probabilities of encounter.-We examined the influence of the gear factor on the probabilities of encounter predicted by our binomial GAMs. To avoid having to choose a gear for making predictions with fitted models, we could have fitted binomial generalized additive mixed models (GAMMs; Lin and Zhang 1999) integrating gear as a random effect instead of GAMs. However, GAMMs are computationally intensive models, which are often prone to convergence issues when working with very large data sets like ours (Zuur et al. 2014; Roberts et al. 2016) . As previously mentioned, to produce preference functions for Ecospace's habitat capacity model and to map the hotspots of juveniles and adults of snappers and groupers, we made predictions from fitted GAMs using the gear effect with the highest selectivity. This has no effect on the shape of the preference functions or the relative effect of individual environmental parameters on encounter probability (e.g., the effect of bottom temperature on the probability of encounter of large crabs relative to that of bottom depth) (Wood and Augustin 2002; Wood 2006) . Furthermore, the value of the gear factor is constant over space in the logit scale, but not in the response scale {through the transformation of GAM predictions in the logit scale (p) into probabilities (prob), i.e., prob = exp (p)/[1 + exp (p)]}. Consequently, the gear factor has no qualitative impact on the spatial patterns of probability of encounter predicted by the GAMs, yet it affects the gross magnitude of the encounter probabilities predicted by the models. To examine whether the magnitude of the encounter probabilities for juvenile and adult Red Snapper, Gag, and Red Grouper predicted by our GAMs were significantly affected by the gear factor, we computed the Pearson's correlation coefficient between the probabilities of encounter predicted using the gear effect with the highest selectivity and the probabilities of encounter predicted using other gears.
RESULTS

Data of the Comprehensive Survey Database Used to Fit GAMs
We were able to employ the encounter-nonencounter data of the comprehensive survey database collected solely in the WFS region to fit GAMs for almost all the functional groups, species, and stanzas considered in the present study (see Supplement C). However, in the case of mullets, squids, and lobsters, encounter estimates were so scarce that we needed to use encounter-nonencounter data collected in the entire U.S. Gulf of Mexico to fit GAMs. Moreover, we did not have enough encounter estimates to fit individual GAMs for the younger juvenile (ages 0-1), older juvenile (ages 1-5), and adult (ages 5+) stanzas of Black Grouper Mycteroperca bonaci. Therefore, we fitted one single GAM for Black Grouper (all stanzas combined).
Nine of the GAMs we fitted did not pass the evaluation test and required us to make some choices to ensure that all the preference functions produced in the present study are reliable. In the case of juveniles (ages 0-4) of King Mackerel Scomberomorus cavalla, the median adjusted R 2 produced through the cross-validation procedure was below 0.1. Therefore, we fitted a GAM using data for juvenile King Mackerel collected over the entire U.S. Gulf of Mexico by different surveys of the comprehensive survey database. However, the median adjusted R 2 produced through the cross-validation procedure for the GAM of juvenile King Mackerel for the entire U.S. Gulf of Mexico was also below 0.1. Therefore, we decided to use the GAM fitted for adult King Mackerel (ages 4+) to produce preference functions for juvenile King Mackerel. We faced the same situation for juveniles (ages 0-1) of Spanish Mackerel S. maculatus, and decided to employ the GAM fitted for adult Spanish Mackerel (ages 1+) to produce preference functions for juvenile Spanish Mackerel. We also faced the same situation for Cobia Rachycentron canadum and decided to use the GAM fitted for a similar functional group, the "jacks, Wahoo Acanthocybium solandri, Dolphinfish Coryphaena hippurus, and tunnies" group, to produce preference functions for Cobia.
In the cases of younger juveniles (ages 0-1) and older juveniles (ages 1-8) of Yellowedge Grouper Hyporthodus flavolimbatus, the median adjusted R 2 produced through the cross-validation procedure was below 0.1. Therefore, we fitted a GAM for juvenile Yellowedge Grouper (ages 0-8) using data collected solely in the WFS region to be able to produce preference functions for both the younger juvenile and older juvenile stanzas of Yellowedge Grouper. We faced the same situation for the younger juvenile (ages 0-1) and older juvenile (ages 1-3) stanzas of Gag and Red Grouper; thus we decided to use the GAM fitted for juvenile Gag (ages 0-3) and the GAM fitted for juvenile Red Grouper (ages 0-3) to produce preference functions for, respectively, the younger juvenile and older juvenile stanzas of Gag and the younger juvenile and older juvenile stanzas of Red Grouper.
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Performance of GAMS
Because of the issues mentioned in the previous subsection, we fitted a total of 43 GAMs instead of 53. We estimated adjusted R 2 values and AUCs for these 43 GAMs using the Leave Group Out Cross Validation procedure (see Supplement F). We also examined the empirical variograms of the residuals from these GAMs (see Supplement G).
Twenty-nine of the 43 fitted GAMs had a median AUC ranging between 0.7 and 0.9 (see Supplement F). The 14 other fitted GAMs had a median AUC greater than 0.9. Adult Yellowedge Grouper had the highest median AUC (0.997), while octopods had the lowest (0.727).
Median adjusted R 2 values varied between 0.10 (lobsters) and 0.59 (coastal omnivores) (see Supplement F). Twenty-nine of the 43 fitted GAMs had a median adjusted R 2 ranging between 0.1 and 0.3, while only three GAMs had a median adjusted R 2 greater than 0.5 (the GAMs fitted for squids, large coastal carnivores, and coastal omnivores).
The examination of empirical variograms revealed that the residuals from the fitted GAMs generally showed spatial autocorrelation (see Supplement G). Exceptions to this general pattern include the GAMs of (1) billfish and tunas, (2) juvenile Gag, (3) Goliath Grouper Epinephelus itajara, (4) other shallow water groupers, (5) sea basses, (6) lobsters, (7) large crabs, and (8) carnivorous jellyfish. However, when the residuals from a fitted GAM showed spatial autocorrelation, this spatial autocorrelation was usually weak (except for large crabs, the "jacks, Wahoo, Dolphinfish, and tunnies" group, and adult Gag).
Preference Functions for Ecospace's Habitat Capacity Model
For the sake of brevity, we are providing here preference functions for 13 functional groups and stanzas for which a reasonable amount of information is available in the literature (Figure 4 ; Table 4 ). The preference functions for the other functional groups, species, and stanzas represented in the WFS Reef fish Ecospace model are given in Supplement H.
The preference functions produced from our GAMs are generally in concordance with the literature on the environmental preferences of marine organisms. For each of the functional groups, species, and stanzas represented in the WFS Reef fish Ecospace model that were considered in the present study, all or at least some of the preference functions estimated by our GAMs concurred with the literature (Table 4) . For example, the GAM fitted for adult Gag suggests that the stanza prefers depths ranging between 0 and 135 m ( Figure 4E) ; this is reasonable in light of the literature, which indicates that adult males of Gag stay year-round in deep spawning areas (>60 m of water depth), while adult females migrate to these areas in winter and remain near shore during the rest of the year (Table 4 ; Coleman et al. 1996 Coleman et al. , 2011 . Moreover, both our GAM and the literature concur that adult Gag prefers areas characterized by a higher terrain ruggedness index, i.e., higher relief bottoms (Coleman et al. 1996 (Coleman et al. , 2011 Campbell et al. 2013 ). Finally, we found that adults of Gag prefer areas associated with moderate to high hardbottom cover; this is in accordance with the literature, which reports that Gag spawning aggregations are predominantly found along rocky ridges and are absent from areas dominated by mud and sand, whereas the nearshore areas that adult females of Gag inhabit outside the spawning season are generally characterized by moderate hardbottom cover (Coleman et al. 1996 (Coleman et al. , 2011 . Another example is that of the "anchovies and silversides" group, whose reference species is the Bay Anchovy Anchoa mitchilli. We found that the encounter probability of anchovies and silversides rapidly drops with increasing depth (Figure 4K ), while the literature indicates that Bay Anchovy prefers shallow waters and occurs in areas where depth ranges between 0 and 70 m (generally 0-36 m) (Table 4 ; Robinette 1983; CastilloRivera et al. 1994 ). We also found that the encounter probability of anchovies and silversides rapidly increases when the diffuse attenuation coefficient K490 (an indicator of turbidity) increases from 2 to 12 per meter, which is consistent with Reid (1955) and Livingston (1975) , who both showed that Bay Anchovy is attracted to areas associated with high turbidity. By contrast, the GAM we fitted for anchovies and silversides suggests that the probability of encounter of the functional group is higher in areas characterized by a low percentage of sand and/or mud; this is not in concordance with the literature on Bay Anchovy, which reports that this species occurs primarily in areas associated with a mud to muddy sand substrate (Reid 1955; Robinette 1983; Castillo-Rivera et al. 1994 ).
Hotspots of Juveniles and Adults of Red Snapper, Gag and Red Grouper
The probability of encounter of juvenile Red Snapper was predicted to be highest in the Florida Panhandle region and the region south of 25°N where depth ranges between 40 and 60 m ( Figure 5A ). The probability of adult Red Snapper was highest throughout the WFS (Figure 5B) . However, hotpots of adult Red Snapper were mainly found in the Florida Panhandle region.
Hotspots of juvenile Gag were predicted to be found from Panama City, Florida, to the southern WFS along the 20-m depth contour ( Figure 5C ). The probability of encounter of juvenile Gag was highest within the Apalachee Bay and in the Tampa Bay region and, to a lesser extent, off Naples, Florida. Adult Gag was predicted to ASSISTING ECOSYSTEM-BASED FISHERIES MANAGEMENT EFFORTS be encountered mainly in Apalachee Bay, as well as throughout the WFS edge region ( Figure 5D ).
The probability of encounter of juvenile Red Grouper was predicted to be highest from Sarasota, Florida, to the southern WFS, in waters shallower than 60 m, and, to a lesser extent, in the region northwest of Tampa, in waters shallower than 40 m ( Figure 5E ). Hotspots of adult Red Grouper were found throughout the WFS, except north of the Panama City region ( Figure 5F ).
Our GAMs predicted that hotspots of juveniles of snappers and groupers (i.e., juveniles of the group formed by Red Snapper, Gag, and Red Grouper) were mainly found between the region northwest of Tampa and the southern WFS, in waters shallower than 60 m ( Figure 6A ). However, only four cells of the spatial grid for the WFS located south of 25°N were considered hotpots of juveniles for the three snapper-grouper species. 
ASSISTING ECOSYSTEM-BASED FISHERIES MANAGEMENT EFFORTS 55
Our GAMs predicted that the hotspots of adults of snappers-groupers differ from those of juveniles of snappers-groupers ( Figure 6B ). Hotpots of adults for the three snapper-grouper species are primarily those cells of the spatial grid for the WFS located south of Apalachicola, Florida, where depth is greater than 60 m.
Influence of the Gear Factor on Predicted Probabilities of Encounter
For juvenile and adult Red Snapper, Gag, and Red Grouper, we calculated the Pearson's correlation coefficients between the probabilities of encounter predicted using the gear effect with the highest selectivity and the probabilities of encounter predicted using another gear (Table 5 ). The computed Pearson's correlation coefficients were all very high, varying between 0.77 and 1.
DISCUSSION
In the present study, we implemented a proposed methodology that makes use of a comprehensive survey database, a large environmental database, and binomial GAMs to generate preference functions and distribution maps for assisting EBFM efforts. We were able to produce preference functions for all the fish and nonplanktonic, mobile invertebrate functional groups, species, and stanzas represented in the WFS Reef fish Ecospace ecosystem model and to map the hotspots of juvenile and adult Red Snapper, Gag, and Red Grouper for assisting future MPA planning in the WFS region. However, to provide only reliable preference functions to WFS Reef fish Ecospace's habitat capacity model, we had to make some assumptions. For instance, the GAM we fitted for Cobia did not pass the evaluation test; therefore, we assumed Cobia shared environmental preferences similar to those of the "jacks, Wahoo, Dolphinfish, and tunnies" group, and we employed the GAM fitted for the "jacks, Wahoo, Dolphinfish, and tunnies" group to generate preference functions for Cobia. Ultimately, in this study we fitted a total of 43 binomial GAMs, which all predicted probabilities of encounter with reasonable or excellent discrimination, as shown by computed AUC values. Furthermore, the median adjusted coefficient of determination of all of these 43 GAMs was larger than the 0.1 threshold required to validate these models. Therefore, the 43 binomial GAMs fitted for the present study can be deemed appropriate for constructing preference functions for WFS Reef fish Ecospace's habitat capacity model and for mapping ASSISTING ECOSYSTEM-BASED FISHERIES MANAGEMENT EFFORTS distribution hotspots (Hanley and McNeil 1982; Swets 1988; Legendre and Legendre 1998; Pearce and Ferrier 2000; Gr€ uss et al. 2016c ). In the following sections, we discuss the preference functions and hotspot maps we generated before analyzing the limitations of our GAM framework and providing research perspectives. Then, we highlight the benefits of the methodology adopted in the present study for advancing EBFM in the Gulf of Mexico and other marine and coastal regions.
Preference Functions for Ecospace's Habitat Capacity Model
The preference functions we produced from GAM predictions generally concurred with the literature on the environmental preferences of fish and invertebrates of the Gulf of Mexico (Table 4) . Their relative simplicity and easy interpretation (Figure 4) stems from the fact that we restricted thin-plate regression splines to four degrees of freedom, following the recommendations of previous studies (Roberts et al. 2016; Mannocci et al. 2017) . Some of the more complex preference functions might be showing artifacts of low sampling effort at extreme environmental parameter values (e.g., the preference function depicting the preferences of the "jacks, Wahoo, Dolphinfish, and tunnies" group for surface chlorophyll-a concentrations; Figure 4D ). However, these artifacts may have a negligible impact on the spatial distribution changes predicted by the baseline WFS Reef fish Ecospace model, because the environmental data we employed to fit GAMs and construct preference functions will also be used to force the baseline WFS Reef fish Ecospace model, and therefore, extreme environmental parameter values will rarely be encountered in that model. On the other hand, the outcomes of versions of the WFS Reef fish Ecospace model submitted to extreme environmental forcing (e.g., exploring the impacts of very pessimistic climate change scenarios) should be interpreted very carefully with these artifacts in mind.
We aimed to generate preference functions for the 51 fish and nonplanktonic, mobile invertebrate functional groups, species, and stanzas represented in the WFS Reef fish Ecospace model. However, we were only able to a fit a total of 43 GAMs for WFS Reef fish Ecospace. We were unable to fit reasonable GAMs for 12 of the 51 functional groups, species, and stanzas (even when considering survey data for the entire U.S. Gulf of Mexico rather than solely for the WFS), either because of data scarcity or because the fitted GAMs did not pass the evaluation test. These issues indicate that one priority of future Gulf of Mexico fish surveys is to collect more and higher quality Besides the 51 functional groups, species, and stanzas represented in WFS Reef fish Ecospace that were considered in the present study, two marine organisms are being assigned preference functions in WFS Reef fish Ecospace's habitat capacity model: seabirds and dolphins. The comprehensive survey database that we compiled for the Gulf of Mexico does not include seabird and marine mammal survey data. A study using seabird and marine mammal survey data is currently underway to develop GAMs for seabirds and dolphins and produce preference functions for these two functional groups for WFS Reef fish Ecospace's habitat capacity model (A. Gr€ uss and colleagues, unpublished data). The WFS Reef fish Ecospace's habitat capacity model is not employed for the planktonic, sedentary and sessile invertebrate functional groups, the phytoplankton group, the three marine plants, and the three detritus groups represented in WFS Reef fish Ecospace; for all those marine organisms, preferences for discrete habitat types are specified (Chagaris 2013 ).
Hotspots of Juveniles and Adults of Red Snapper, Gag, and Red Grouper
The distribution hotspots predicted by our GAMs for juveniles and adults of Red Snapper, Gag, and Red Grouper are in accordance with the findings of previous modeling and empirical studies and provide useful information for future MPA planning in the WFS region. Karnauskas et al. (2017) generated distribution maps for age-1+ Red Snapper from the predictions of nongeostatistical delta GLMs fitted to four fisheries-independent data sets. Karnauskas et al. (2017) and the present study concur that hotpots of Red Snapper are mainly found in the Florida Panhandle region. The present study also identified the region south of 25°N where depth ranges between 40 and 60 m as being another hotspot of juvenile Red Snapper; this is in concordance with the biophysical modeling simulations conducted in Karnauskas et al. (2013b) , which predicted Red Snapper larval settlement on the WFS to occur primarily on the southern extent of the shelf. Gr€ uss et al. (2017b) produced distribution maps for older juveniles and adults of Gag and Red Grouper from the predictions of geostatistical binomial generalized linear mixed models (GLMMs) fitted to six fisheries-independent and three fisheries-dependent data sets, which did not integrate environmental covariates. The hotspots of juveniles and adults of Gag and Red Grouper identified in this study concur with the hotspots of older juveniles and adults of Gag and Red Grouper identified in Gr€ uss et al. (2017b) . The present study also predicted that the probability of encounter of juvenile Gag is high in shallow waters of the region located between Panama City and the Apalachee Bay; this region has been reported as a hotspot of younger juvenile Gag in the empirical literature (Ingram et al. 2013; Switzer et al. 2015) .
The spatial distribution patterns of snappers-groupers (i.e., the group formed by Red Snapper, Gag, and Red Grouper) predicted in this study suggest that the hotspots of juveniles of snappers-groupers are distinct from the hotspots of their adult congeners ( Figure 6) ; the hotpots of juveniles of snappers-groupers are mainly found in the southern WFS, in waters shallower than 60 m, whereas the hotspots of adults are primarily found south of Apalachicola where depth is greater than 60 m. This result has important implications for future MPA planning in the WFS region, because it suggests that MPAs designed to protect hotspots of adults of snappers and groupers would offer virtually no protection to their juvenile congeners; this could have negative consequences for snappergrouper populations and their fisheries if the fishing effort that used to be exerted on adult fish was redistributed to hotspots of juvenile snappers and groupers (Edwards and Plagányi 2011; Gr€ uss 2014) .
Limitations of Our GAM Framework and Research Perspectives
The GAM framework employed in the present study has two limitations: (1) it does not account for spatial structure at a fine scale; and (2) it necessitates using a specific gear, i.e., a specific research survey (the gear with the highest selectivity) to make predictions with fitted GAMs. However, none of these limitations are concerning. First, when the residuals from a fitted GAM show spatial autocorrelation, this spatial autocorrelation is usually weak (except for three functional groups and stanzas) (see Supplement G). Then, the gear factor has no qualitative impact on the spatial patterns of probability of encounter predicted by GAMs, and only slightly affects the gross magnitude of the encounter probabilities predicted by the models (Table 5 ). The two limitations raised here could be addressed through the use of the geostatistical binomial GLMMs used by Gr€ uss et al. (2017b) , which account for spatial autocorrelation in model residuals and treat gear as a random effect. However, the models of Gr€ uss et al. (2017b) do not allow for nonlinear relationships between the probability of encounter of marine organisms and environmental covariates nor for interactions between covariates; therefore, in their current form, the models of Gr€ uss et al. (2017b) are not able to adequately represent how the spatial distribution patterns of marine organisms vary with their aquatic and benthic environment. Including nonlinearities and interactions in ASSISTING ECOSYSTEM-BASED FISHERIES MANAGEMENT EFFORTS TABLE 4. Comparison of the insights from the present study and from the literature into the environmental preferences of functional groups, species, and stanzas represented in the WFS Reef fish Ecospace ecosystem model. The insights from the present study that concur with insights from the literature are highlighted in gray Functional group, species or stanza
Insights from the present study into the environmental preferences of the functional group, species, or stanza Insights from the literature into the environmental preferences of the species, stanza, or reference species of the functional group
Large coastal sharks (reference species: Sandbar Shark Carcharhinus
• Prefers a wide range of depths; preference for depths ranging between 0 and 290 m greater than 0.5 and reaches a maximum at 110 m of water depth
• Sandbar Shark is found at depths ranging between 0 and at least 250 m; juveniles occur in bays and estuaries, while adults are found in deeper waters (Grubbs and Musick 2007; Speed et al. 2010) • Encounter probability decreases with distance from shore
• Sandbar Shark presence decreases with distance from the mouth of bays (Grubbs and Musick 2007) • Encounter probability increases slowly with bottom temperature below 19°C and declines sharply with bottom temperature above 19°C
• Seasonal changes in bottom temperature trigger migrations in sharks (Springer 1967 • Sandbar Shark presence increases with salinity (Grubbs and Musick 2007) Rays and skates (reference species: Cownose Ray Rhinoptera bonasus)
• Prefers a narrow range of surface salinities; preference for surface salinities ranging between 35.2‰ and 37‰ greater than 0.5, and decreases rapidly to 0 with decreasing surface salinity when surface salinity is below 35.2‰
• Collins et al. (2008) reported that drastic reductions in salinity result in Cownose Ray departure from zone Adult Spanish Mackerel Scomberomorus maculatus (ages 1+, >35.5 cm TL)
• Encounter probability decreases with distance from shore
• Adults of Spanish Mackerel migrate along the coastline and, therefore, remain in shallower waters than do adults of King Mackerel Scomberomorus cavalla (FWC 2014a) Jacks, Wahoo, Dolphinfish, and tunnies (reference species: Dolphinfish Coryphaena hippurus)
• Prefers shallower over deeper waters, but encounter probability decreases only slowly with increasing depth in waters shallower than 200 m; preference for depths ranging between 0 and 200 m greater than 0.5
• The depths at which Dolphinfish have been observed vary widely (Farrell 2009; Young 2014); in Farrell (2009) • Prefers depths ranging between 0 and 135 m; encounter probability reaches a maximum at 85 m of water depth and declines sharply with increasing depth in waters deeper than 135 m
• Adult male Gags stay year-round in deep spawning areas (>60 m of water depth), while adult female Gags migrate to these areas in winter and remain near shore during the rest of the year (Coleman et al. 1996 (Coleman et al. , 2011 ).
• Encounter probability increases with increasing terrain ruggedness index (TRI)
• Adult Gag is most often associated with higher relief bottoms (Coleman et al. 1996 (Coleman et al. , 2011 Campbell et al. 2013 ).
• Encounter probability decreases with increasing local percentage of hardbottom (% hardbottom) when % hardbottom ranges between 0 and 30% or between 70% and 100%, and increases at intermediate values of % hardbottom (30% to 70%)
• Gag spawning aggregations are predominantly found along rocky ridges and are absent from areas dominated by mud and sand, whereas the nearshore areas that adult female Gags inhabit outside the spawning season are generally characterized by moderate hardbottom cover (Coleman et al. 1996 (Coleman et al. , 2011 
) Juvenile Red Grouper
Epinephelus morio (ages 0-3, ≤34.1 cm TL)
• Encounter probability decreases with depth; preference for depths greater than 0.5 in waters shallower than 35 m
• Juveniles of Red Grouper are found primarily at depths ranging between 0 and 30 m (Coleman et al. 2011; SEDAR 2015) • Encounter probability increases with TRI
• Juvenile Red Groupers are found both in low-relief and high-relief areas, though they seem to prefer low-relief areas (SEDAR 2015) Adult Red Grouper (ages 3+, >34.1 cm TL)
• Prefers depths ranging between 0 and 100 m; encounter probability decreases sharply with increasing depth in waters deeper than 100 m
• Adults of Red Grouper are found all over the West Florida Shelf, from the coast to the shelf-edge, at depths less than 100 m (Coleman et al. 1996 (Coleman et al. , 2011 SEDAR 2015) .
• Changes in TRI value on the West Florida Shelf have extremely limited impact on adult Red Grouper encounter probability compared with changes in depth
• Adult Red Groupers are found in both low-relief and high-relief areas (Coleman et al. 2011; SEDAR 2015) Other shallow water groupers (reference species: Scamp Mycteroperca phenax)
• Preference for depths ranging between 65 and 135 m greater than 0.5 and reaches a maximum at 100 m of water depth
• Scamp is found primarily at depths ranging between 30 and 100 m (Harris et al. 2002) • Encounter probability increases with increasing TRI until TRI reaches 150 and then plateaus
• Scamp prefers high-relief bottoms (Harris et al. 2002) Reef omnivores (reference species: Doctorfish Acanthurus chirurgus)
• Prefers depths ranging between 0 and 150 m; encounter probability highest at ca. 70 m of water depth • Encounter probability increases with local percentage of natural reef
• Juveniles of Doctorfish are found in a diversity of shallow habitats, while adults of the species are found on shallow natural reefs and deeper reefs up to 70 m of water depth (Rocha et al. 2002; Froese and Pauly 2015) ASSISTING ECOSYSTEM-BASED FISHERIES MANAGEMENT EFFORTS Insights from the present study into the environmental preferences of the functional group, species, or stanza Insights from the literature into the environmental preferences of the species, stanza, or reference species of the functional group
• Prefers a wide range of bottom salinities on the West Florida Shelf; preference for bottom salinities ranging between 34.6‰ and 36.1‰ greater than 0.5
• Doctorfish can tolerate low salinities (Rocha et al. 2002) Sardine-herring-scad complex (reference species: Gulf Menhaden Brevoortia patronus)
• Encounter probability decreases with depth; preference for depths ranging between 0 and 70 m greater than 0.5
• Early juveniles of Gulf Menhaden live in estuaries most of year, except in winter months where they are found in offshore waters. Late juveniles and adults of the species inhabit estuaries during the spring and summer months, and migrate offshore during fall and winter months. Gulf Menhaden are typically found at depths ranging between 0 and 50 m (SEDAR 2014a) • Prefers surface salinities lower than 34.5‰; encounter probability declines sharply with increasing surface salinity when surface salinity exceeds 34.5‰
• Early juveniles of Gulf Menhaden are found in low salinity waters such as river mouths; they transition to higher salinity waters as they age. Late juveniles inhabit areas where salinity ranges between 6‰ and 36‰ (SEDAR 2014a) Anchovies and silversides (reference species: Bay Anchovy Anchoa mitchilli)
• Encounter probability rapidly drops with increasing depth
• Bay Anchovy prefers shallow waters; the species occurs in areas where depth ranges between 0 and 70 m (generally 0-36 m) (Robinette 1983; Castillo-Rivera et al. 1994 • Encounter probability decreases with increasing local percentage of sand (% sand). Also prefers areas characterized by a low percentage of mud (% mud, 0 to 50%)
• Bay Anchovy is found primarily in areas characterized by a mud to muddy sand substrate (Reid 1955; Robinette 1983; Castillo-Rivera et al. 1994) • Encounter probability slowly decreases when the diffuse attenuation coefficient K490 (an indicator a turbidity) increases from 0 to 2/m, and then rapidly rises when this coefficient increases from 2 to 12/m
• Bay Anchovy is attracted to areas characterized by high turbidity (Reid 1955; Livingston 1975) Mullets (reference species: Striped Mullet Mugil cephalus)
• Encounter probability decreases with increasing depth; preference for depths ranging between 0 and 40 m greater than 0.5.
• Striped Mullet is found at depths ranging between 0 and 120 m (FWC 2014b). Juveniles of Striped Mullet are estuary dependent and reside in inner marshes, while adults of the species reside in freshwater areas and spawn out at sea from November to January on the continental shelf and slope (Collins 1985 ).
• Prefers a wide range of surface salinities on the West Florida Shelf; preference for surface salinities ranging between 31‰ and 36‰ greater than 0.5.
• Striped Mullet can withstand a wide range of salinities. Juveniles of Striped Mullet prefer salinities ranging between 4‰ and 25‰, while adults of the species prefer salinities ranging between 25‰ and 36‰ (FWC 2014b) 62 GR € USS ET AL.
the relationships between environmental covariates and marine organisms in the models of Gr€ uss et al. (2017b) and fitting the enhanced models to the comprehensive survey database without convergence issues would be a challenging endeavor (Zuur et al. 2014; Roberts et al. 2016) . We encourage future studies to overcome this challenge and to compare the predictions and performance of the enhanced modeling framework used by Gr€ uss et al. (2017b) to those of the modeling framework used in the present study. The GAMs we fitted in this study integrate a year effect (i.e., explicitly account for interannual variability in encounter probability), but no month effect (i.e., do not explicitly account for intra-annual variability in encounter probability). This is because of (1) the functioning of Ecospace's habitat capacity model, which allows for the specification of one set of preference functions for each functional group, species, or stanza (i.e., does not allow for the specification of seasonal preference functions for each functional group, species, or stanza) (Chagaris 2013; Gr€ uss et al. 2016a) , and (2) the fact that the stanzas of the three species for which we aimed to construct hotspot maps (i.e., Red Snapper, Gag, and Red Grouper) do not undertake seasonal migrations in response to environmental changes. Future studies using our GAM framework to generate functional relationships and maps for marine organisms undertaking seasonal migrations may want to fit GAMs integrating a month or a season effect. Note that, contrary to the great majority of the monitoring programs implemented in other marine and coastal regions, monitoring programs of the Gulf of Mexico are generally conducted year-round or, at least, in spring, summer, and fall (see Supplement B). Thus, the comprehensive survey database we compiled provides encounter-nonencounter estimates for all the months of the year. Consequently, preference functions produced from GAMs fitted to the comprehensive survey database for the Gulf of Mexico implicitly account for intra-annual variability in encounter probability due to environmental changes within the year.
In the present study, we employed encounter-nonencounter estimates from the comprehensive survey database for the Gulf of Mexico to map hotspots of probability of encounter. Using encounter-nonencounter estimates rather than abundance estimates is practical to generate distribution and hotspot maps for a large number of the functional groups, species, and stanzas inhabiting a large marine region such as the WFS or the Gulf of Mexico. Yet, the comprehensive survey database for the Gulf of Mexico gathers data from 37 different monitoring programs, some of which use similar sampling gears (e.g., trawls, bottom longlines). Thus, for data-rich functional • Encounter probability tends to increase with depth; preference for waters deeper than 10 m greater than 0.5
• Pink shrimp are found at a wide range of depths (4-160 m) (Bielsa et al. 1983 ).
• Encounter probability decreases with % sand and is highest in areas characterized by a low percentage of mud (0 to 50%)
• Adults of pink shrimp are found in areas characterized by a coral, mud, or shell-hash substrate (Bielsa et al. 1983 ).
• Preference for bottom temperatures above 9°C greater than 0.5, and highest for bottom temperatures ranging between 9°C and 20°C
• In Florida waters, pink shrimp are found in waters where bottom temperatures range from 10°C to 35.5°C (Bielsa et al. 1983 ).
The juvenile stages of the species are sensitive to low water temperatures and depart areas in responses to cold temperatures (Bielsa et al. 1983 ).
• Encounter probability decreases when bottom salinities increase from 34‰ to 35.5‰ and tends to increase when bottom salinity is greater than 35.5‰
• Juveniles of pink shrimp prefer salinities of 20‰ or more. As pink shrimp individuals grow, they migrate to deeper, saltier waters; hotspots of adult pink shrimp abundance are found where salinities are oceanic (Bielsa et al. 1983 ).
ASSISTING ECOSYSTEM-BASED FISHERIES MANAGEMENT EFFORTS groups, species, and stanzas, future studies could extract abundance estimates from the comprehensive survey database and fit negative binomial GAMs (Drexler and Ainsworth 2013) or delta GAMs (Gr€ uss et al. , 2016c ) to these abundance estimates to then produce distribution and hotspot maps; the negative binomial or delta GAMs would integrate a gear effect to account for differences between monitoring programs (e.g., the characteristics of the trawl used to sample marine organisms) and, eventually, an offset to account for the fact that sampling effort (e.g., the area swept by each tow) can vary from one data point to another (Drexler and Ainsworth 2013; Gr€ uss et al. 2014) . For example, abundance estimates for large crabs could be extracted from the FLTRAWL, OBSSHRIMP, SMALLPEL, and TRAWL data sets (see Supplement C), which were all collected using trawls, to map the spatial distribution and hotspots of the functional group.
Advancing EBFM
Advancing EBFM requires large efforts and a substantial amount of information (Gr€ uss et al. 2017a) . The present study is the result of a large collaborative endeavor, which started with a workshop between modelers, empiricists, and stakeholders in January 2016 (Gr€ uss et al. 2016a ) and led to the compilation of a database gathering all the fisheries-dependent and fisheries-independent data collected in the Gulf of Mexico using random sampling schemes. Such a wealth of information allowed us to generate reliable products in bulk for assisting EBFM efforts in the Gulf of Mexico. During the past 15 years, many valuable tools have been developed and enhanced for advancing EBFM worldwide, including different ecosystem modeling approaches, conservation planning software packages, and risk assessment frameworks (e.g., Smith et al. 2007; Möllmann et al. 2013; Steenbeek et al. 2016) .
It is now time to focus efforts on designing and using methodologies for improving the inputs used in EBFM studies, as we did in the present study (Gr€ uss et al. 2016a ).
The statistical modeling framework we implemented can assist a number of EBFM efforts in the Gulf of Mexico. In this study, we employed GAM predictions to produce preference functions for an Ecospace ecosystem model used to evaluate the impacts of fisheries policies and efforts to mitigate lionfish invasion (Chagaris et al. 2015b (Chagaris et al. , 2017 and to map distribution hotspots for informing future MPA planning (O 'Farrell et al. 2017) . However, our statistical modeling framework could be employed to assist other timely EBFM efforts in the Gulf of Mexico, including, among others: (1) investigations of the degree of spatial overlap between assessed species and red tide Karenia brevis (a type of harmful algal bloom) to determine whether severe red tide events pose a threat to FIGURE 5. Continued.
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assessed species and should be considered in stock assessment and fisheries management (SEDAR 2009a (SEDAR , 2009b Sagarese et al. 2015) ; and (2) identification of bycatch hotpots in the reef fish and shrimp fisheries, in order to implement efficient bycatch avoidance strategies and help rebuild impacted fish species, particularly Red Snapper (Scott-Denton et al. 2011; Monk et al. 2015) .
In addition to advancing EBFM in the Gulf of Mexico, we hope that our statistical modeling framework will be applied to other marine or coastal ecosystems of the world. Using a comprehensive survey database, which blends all the encounter-nonencounter data of the ecosystem of interest collected by the fisheries-independent surveys and fisheries-dependent programs that employ random sampling schemes, will be essential in large regions characterized by a high biodiversity, where the spatial distribution patterns of a large number of marine organisms cannot be reliably predicted by fitting statistical habitat models to only one survey data set. 
